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Abstract
The complex networks approach has been gaining popularity in analysing investor behaviour
and stock markets, but within this approach, initial public offerings (IPO) have barely been
explored. We fill this gap in the literature by analysing investor clusters in the first two years
after the IPO filing in the Helsinki Stock Exchange by using a statistically validated network
method to infer investor links based on the co-occurrences of investors’ trade timing for 14 IPO
stocks. Our findings show that a rather large part of statistically similar network structures
is persistent and general: they form in different securities’ and persist in time for mature and
IPO companies. We also find evidence of institutional herding that hints at the existence of an
investor information network.
Introduction
Initial public offerings (IPOs) play an important role in financial markets because they open
new investment opportunities, redistribute funds’ allocations and attract new investors to the
market. An IPO is usually a long-awaited event in the life of a privately held company, both for
the current stockholders and the public exchange investors, giving the owners the opportunity
to cash in and giving the investors a chance to gain from potential underpricing and future
returns. Here, numerous financial studies have addressed various behavioural biases in relation
to IPOs: Ljungqvist and Wilhelm [1] analysed the satisfaction with an IPO underwriter’s
performance and indicated a unique pricing behaviour around the dot-com bubble [2], while
Kaustia et al. [3] found that investors’ personal experiences and previous IPO returns have a
significant impact on future IPO subscriptions. Other studies have analysed IPO investments
[4], IPO earnings [5] and IPO underpricing [6] in financial markets on an aggregated level.
Financial markets, in turn, are complex systems comprised of financial decisions, informa-
tion flows and direct and indirect investor interactions. A typical aspect of a financial market
is multidimensionality and agent heterogeneity [7, 8]. Making an investment decision is a com-
plex procedure because it is layered with different choices that are influenced by various market
factors, investors’ experiences, wealth and investors’ stage of life. It is crucial to understand
the characteristics of the underlying investor behaviour patterns because these, when combined
with their behaviours, shape the dynamics of the whole market and thus are important factors
in explaining the booms and bubbles in the financial markets [9]. Because investors seek higher
returns, one possibility is to use social networks and other private information channels to fol-
low other investors’ strategies and to exploit privately channelled information in stock markets.
Recently, [10] provided evidence of the negative relationship between distance and trade timing
similarity for household investors, indicating that face-to-face communication is still important
in financial decision making. According to [11], information links can be identified from realised
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trade because investors who are directly linked in the information network tend to time their
transactions similarly. We follow this idea and use observations on investor-level transactions
from shareholder registration data to identify the links between investors, here with a special
focus on identifying investor clusters. Prior studies have investigated the structures of investor
networks in different contexts [11, 12, 13, 14, 9, 15], but investor clusters around IPOs have
barely been explored.
We address this research gap by performing a broad multistock exploratory analysis of
investor clusters over 14 stocks in the first two years of their IPO. In particular, we seek to
establish whether the identified investor clusters are persistent over the first two years of the
IPOs and appear across multiple IPO securities, as well as with existing, mature stocks in the
market. Our analysis unveils one property of a financial market: we detect statistically robust
investor clusters that form simultaneously in various securities and that persist over time.
Most of the earlier papers perform analyses on an aggregated category level [4, 16, 17, 18]
or concentrate on a single highly liquid stock [12, 14]. Even though this type of analysis might
include nearly all market participants interconnecting in a giant subsystem, the results do not
generalise the collective market strategies but instead are rather stock specific. In contrast to
previous research in the IPO literature, the current study is the first one on early-stage trading
behaviour patterns on an individual investor account level. On the other hand, in opposition to
the existing research on investor networks, in the current paper, instead of focusing of heavily
capitalised stocks we analyse collective investor trading strategies that emerge after IPOs in
the Helsinki Stock Exchange (HSE).
With the growing amounts of data and the availability of new datasets, the network theory
has become a popular approach in analysing financial complex systems (e.g., [19]). Notwith-
standing the high interest in the market structure, investor networks and the complexity of
investor behavioural interrelationships remain weakly explored. Indeed, high precision finan-
cial investor-level datasets covering years of historical data and containing information about
the social links are very rare and expensive because of their sensitive nature. Moreover, trans-
actional data often have no explicit or implicit links between investors. As a consequence, the
network inference methodologies have gained much interest in recent research [11, 13]. Sim-
ilar to [14], we use the statistical validation method proposed by [20], which best suits our
objectives and the available dataset.
In the current paper, we infer investor networks based on the investors’ trading co-occurrences
for 14 securities that had their IPOs between the years 1995 and 2007, and we obtain dynamic
multilink networks covering two years after their IPOs. Further, by applying the Infomap al-
gorithm [21] on the investor networks, we analyse the networks’ topology. With the obtained
network partitioned into clusters, we detect statistically robust clusters that persist in the net-
works between the first and the second years after the IPO. We also find clusters that form
and re-occur over multiple securities. Finally, by cross-validating investor clusters on IPO se-
curities with the investor clusters of a more mature stock, we conclude that the phenomenon
of persistent clusters is not IPO specific but is rather market specific.
Dataset and methodology
Dataset
In this paper, we use a unique database provided by Euroclear Finland. The dataset contains
all transactions executed in the Helsinki Stock Exchange by Finnish stocks shareholders be-
tween 1995 and 2009 on a daily basis. The data records represent the official certificates of
ownership and include all the transactions executed in the Helsinki Stock Exchange that change
an ownership of assets. Each transaction in the dataset has a rich set of attributes – such as
investor sector code, investor birth year, gender and postal code – that we make use of in our
analysis to identify and characterise the investor groups. The dataset classifies investors into six
main categories: households; nonfinancial corporations; financial and insurance corporations;
government; nonprofit institutions; and the rest of the world. Finnish domestic investors cor-
respond to a separate account ID, while foreign investors can choose the nominee registration
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for the trades. However, the analysis cannot be conducted for nominee-registered transactions
because individual nominee investors cannot be uniquely identified. Rather, the nominee in-
vestors are pooled together under the custodian’s nominee trading account. Therefore, a single
nominee-registered investor’s account holdings may correspond to a large aggregated ownership
of several foreign investors. So to avoid inconsistencies in the results, we eliminated nominee
transactions from our analysis. This dataset has been also analysed and described in previous
research (e.g., [22, 15, 9, 10, 18]).
The analysed data are restricted to marketplace transactions for securities that had their
IPO listing in the Helsinki Stock Exchange between 1995 and 2009. The official listing dates
were provided by NASDAQ OMX Nordic explicitly for the current research. There are 67
stocks in total that were listed in Finland on the Main Exchange or First North in the given
time period. Unfortunately, the data appeared to have issues with the trading date attribute
for some securities, particularly for the transactions between 1998 and 20041. Because our
analysis is based on the investors synchronous trading actions, to avoid a misinterpretation of
the results, the securities with incorrectly timestamped transactions have been eliminated from
the dataset. We also excluded three of the least-liquid securities with a very small number of
transactions and investors. This resulted in a subset of 14 securities with correctly registered
transactions, where one of the stocks was issued in 1995 and 13 of the stocks had IPOs between
2003 and 2007. The reduced set includes 11 securities with a medium liquidity and three with
high liquidity in terms of the total number of transactions and unique investors per security
(see Table 1). Some companies (e.g. Oriola) have two share classes with different voting rights.
Class A shares give the owner more voting rights than Class B and hence potentially falls under
a separate group of investors. Therefore, the comparison or a direct substitution of shares with
one another seems improper, and we consider the securities with different voting classes as
separate stocks.
Table 1. Summary of IPO stocks. Company, International Securities Identification Number
(ISIN), industry, total number of transactions, total number of unique investors and the IPO day
of security in the reduced set.
Company name ISIN industry total # oftransactions
# of unique
investors IPO date
Neste FI0009013296 Oil & Gas 4,903,603 81,773 2005 Apr 21
KONE FI0009013403 Industrials 3,073,482 30,204 2005 Jun 01
Cargotec FI0009013429 Industrials 1,768,379 29,214 2005 Jun 01
Kemira GrowHow FI0009012843 Basic Materials 301,810 25,256 2004 Oct 18
Oriola B FI0009014351 Health Care 296,249 19,300 2006 Jul 03
Ahlstrom FI0009010391 Basic Materials 158,464 16,599 2006 Mar 17
SRV Yhtiöt FI0009015309 Industrials 71,302 9,601 2007 Jun 15
Affecto FI0009013312 Technology 56,833 5,727 2005 Jun 01
Oriola A FI0009014344 Health Care 41,711 5,600 2006 Jul 03
Terveystalo Health FI0009012413 Health Care 38,929 8,975 2007 Apr 10
Salcomp FI0009013924 Industrials 38,510 3,689 2006 Mar 17
FIM Group FI0009013593 Financials 21,824 3,086 2006 Apr 21
OMX SE0000110165 Financials 21,138 1,852 2003 Sep 04
Aspoyhtymä FI0009004881 Industrials 16,687 2,070 1995 Jan 12
Table 2 gives the number of investors, the number of transactions and the traded volume
for the entire set of 67 IPO stocks and for the reduced set of 14 stocks. The total number
of investors who traded an IPO security is 360,607, and the total number of transactions is
1The net trading volumes on a daily resolution do not reconcile to 0 for all trading dates, while the volume sold
should be equal to the volume bought per each stock during each day across all investors. We noticed that the
trading volume per each stock cumulatively sums to 0 for each stock; overall, 67 selected stocks over the whole
analysed period were analysed. This suggests that some transactions in the dataset were misplaced timewise because
of incorrectly recorded trading dates.
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55,161,521. The table also shows the number of nominee and non-nominee-registered investors.
As shown, a few nominee accounts perform roughly twice as many trades as the non-nominee
Table 2. Summary of the number of investors, absolute exchanged shares volume and
the number of transactions of the entire set and the reduced set. Note that the total
volume in the table is counted twice, both for the selling and buying transactions. Here, 39 out of
86 investors in the entire set and 33 out of 71 investors in the reduced set with a
nominee-registered holding type also made transactions with a non-nominee-registered holding
type.
Entire set Reduced set
Investor category # ids volume # transactions # ids volume # transactions
Non-financial corporations 19,957 8,215,911,863 2,685,198 8,363 1,049,640,371 493,666
Financial and insurance corporations 767 245,572,690,436 40,068,666 750 23,307,610,030 8,149,556
Government 374 4,937,302,118 225,817 113 590,306,199 31,099
Households 334,214 7,158,812,157 9,389,947 121,434 735,428,351 1,555,604
Non-profit institutions 2,359 709,718,657 216,629 1,067 78,654,895 38,824
Rest of the world 2,936 9,945,272,389 2,575,264 806 1,012,077,566 563,797
Total 360,607 276,539,707,620 55,161,521 132,533 26,773,717,412 10,832,546
Nominee registered 86 225,960,607,014 35,958,801 71 21,987,309,532 7,566,437
Non-nominee registered 360,560 50,579,100,606 19,202,720 132,495 4,786,407,880 3,266,109
accounts. The reduced set accounts for 37% of all investors, 10% of total traded volume and
20% of transactions in the entire set.
Methodology
The given dataset is composed of transaction data where investors’ social links are not explic-
itly given, nor can they be directly obtained from other sources because of data anonymisation.
However, given that investors must individually react and adapt to a quickly changing envi-
ronment, they should identify and follow the best trading strategies. To detect investors with
similar trading strategies or, more precisely, trade timing similarity, we take a look at the pair-
wise investors’ trading co-occurrences. In the current paper, we use a statistically validated
network (SVN) method first introduced by [20]. This method, briefly presented below, has been
demonstrated to be effective in investigating financial, biological and social systems [20, 12].
To compare the trading position taken by an investor on a given day, irrespective of the
absolute volume traded, a categorical variable is introduced that describes the investor’s trading
activity. For each investor i and each trading day t having the volume sold of a security Vs(i, t)
and the volume bought of a security Vb(i, t), we calculate the scaled net volume ratio as follows:
r(i, t) =
Vb(i, t)− Vs(i, t)
Vb(i, t) + Vs(i, t)
(1)
Then, a daily trading state can be assigned for an investor after having selected a threshold θ,
as follows: 
b− primarily buying state, when r(i, t) > θ
s− primarily selling state, when r(i, t) < −θ
bs− buying and selling state, when −θ ≤ r(i, t) ≤ θ
In our analysis, much like in [8], we set θ = 0.25. We have verified that the calculations are not
sensitive to θ selection: the results do not vary significantly for the θ threshold ranging from
0.01 to 0.25. With this categorisation, the system can be mapped into a bipartite network.
We will take one set of nodes composed of investors and the other set composed of the trading
days.
The states b, s and bs of investor i are indicated as ib, is and ibs, respectively. There
are nine possible combinations of the three trading states between investors i and j: (ib,jb),
(ib,js), (ib,jbs), (is,jb), (is,js), (is,jbs), (ibs,jb), (ibs,js) and (ibs,jbs). Because we are focusing
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on the positive relationship between investors’ trading strategies, we further analyse only the
situations where both investors have been in a buy state (ib,jb), both investors have been in the
sell state (is,js), and both investors have been day traders (ibs,jbs), thus excluding the other
six trading state co-occurrences.
Statistically validated networks
With the categorical variables on the trading states, the co-occurrence of the trading states of
investors i and j can be identified and statistically validated. First, for each investor, her or his
activity period is identified. Second, for an investor pair, the length of a joint trading period
is determined, T , which is equal to the number of trading days in an annual data sample for
a given security (≈ 250). Then, in the intersection periods of a trader’s activity, NPi (NPj )
denotes the number of days when investor i (j) is in a given state {b, s, bs}. Moreover, NPi,j
denotes the number of days when we observe the co-occurrence of the given states for investors
i and j. Under the null hypothesis of the random co-occurrences of a state for investors i and
j, the probability of observing X co-occurrences of the investigated states for two investors in
T observations can be expressed by the hypergeometric distribution H(X|T,NPi , NPj ) [20]. For
each trading state P = {b, s, bs}, a p-value can be associated as follows:
p
(
NPi,j
)
= 1−
NPi,j−1∑
X=0
H(X|T,NPi , NPj ) (2)
Using the SVN method, we construct dynamic networks for the IPO securities. The analysis
for each security spans from the initial listing day up to the second year after the IPO. We
assign the categorical variables that define the investor’s daily trading state, and we select
only domestic Finnish investors who have traded an IPO stock at least five days during the
first or second year. For each analysed security, we take two consecutive one-year periods of
categorised trading states for investors. Taking the projection of the investor set in a year,
we obtain an annual monopartite investor network, and two investor networks for consecutive
years are obtained for each security.
We adjust the p-thresholds using a false discovery rate (FDR) correction [23] by taking the
sorted p-values p1 < p2 < ... < pntests in an increasing order and retain those that satisfy
pi < α · i/ntests, i = 1, ..., ntests. Here, we apply α = 0.05, and ntests equals the total number of
observed relationships in a year. All networks are essentially multilink networks, where each
link describes the type of trading co-occurrence between an investor pair. This adjustment is
needed because there are multiple links and thus multiple tests with a given network. The link
between investors i and j is considered to be statistically significant and thus existing if the
corresponding p-value,
(
NPi,j
)
, is below the FDR-adjusted p-threshold. In this way, we obtain
validated dynamic networks for the first and second years. As an example, Fig. 10 in Appendix
C shows the first year sorted p-values and the FDR thresholds for Kemira GrowHow links.
Statistically validated cluster dynamics timewise
We are interested in the investors’ cluster dynamics in the networks and evolution over time.
In other words, we want to verify whether investors systematically synchronise their trading
strategies with other investors and if such behaviour can be detected in dynamic networks.
With the community partition for each network, we identify persistent clusters (i.e., clusters
that share the same statistically significant component of investors in both the first and the
second years after the IPO). Further, we briefly present the method from [24].
We are interested in identifying statistically similar clusters that emerged in both years
(i.e., clusters with the overexpression of the same investor composition in both clusters, which
share nonrandom elements). The probability that X elements in the cluster C1 of the first year
network composed of NC1 elements also appear in the cluster C2 of the second year composed of
NC2 elements under the null hypothesis that the elements in each cluster are randomly selected
is given by the hypergeomteric distribution H(X|N,NC1 , NC2), where N is the total number
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of unique elements over two years. By using this distribution, a p-value can be associated with
the observed number NC1C2 of elements of the cluster C1 reoccurring in C2 according to the
following equation:
p(NC1C2) = 1−
NC1C2−1∑
X=0
H(X|N,NC1 , NC2) (3)
We reject the null hypothesis if p(NC1C2) is smaller than a given adjusted threshold, in
which case we say that the cluster C1 is statistically similar with the cluster C2. We adjust
the statistical threshold using the FDR correction with α = 0.05 and the number of tests being
equal to the total number of cluster pairs over two years that shared at least one common
element.
Statistically validated cluster dynamics security-wise
Additionally, to check if the same cluster exists over multiple securities, we expand the analysis
and further look for statistically significant overlapping clusters security-wise. Because the IPO
event is the alignment point in our analysis, we look for the overlapping clusters in the set of
first-year networks and the set of second-year networks separately. We again use the method
(Eq. 3) for the cluster overlaps to detect clusters with nonrandomly overlapping elements
(investors). To calculate the p-values, we take N equal to the total number of unique investors
across all investigated securities in the same year, where NC1 is the number of investors in
the cluster C1, NC2 is the number of investors in the cluster C2, and NC1C2 is the number of
common investors in both C1 and C2. Again, we adjust the statistical threshold using the FDR
correction, where α = 0.05 and the number of tests is equal to the total number of cluster pairs
within the same year that shared at least one common element.
Over- and underexpression of the characterising investor attributes
To describe the investor clusters from the perspective of the attributes, such as postal code,
age, gender or the type of organisation, we again use the hypergeometric test for identifying
nonrandom overlap [25]. Once we obtain a system of N elements partitioned into clusters
(communities), we want to characterise each cluster C of NC elements. Each element of the
system has a certain number of attributes from a specific class. Here, we want to see if the
number of elements in the cluster with a specific attribute value is significantly larger than
randomly selecting the elements from the total system elements. For each attribute Q of the
system, we test if Q is over-expressed in the cluster C. The probability that X elements in
cluster C have the attribute Q under the null hypothesis that the elements in the cluster are
randomly selected is given by the hypergeomteric distribution H(X|N,NC , NQ), where NQ is
the total number of elements in the system with attribute Q. By using this distribution, a
p-value can be associated with the observed number NC,Q of elements in cluster C that have
the attribute Q analogously with Eq. 3. We reject the null hypothesis if the p-value is smaller
than a given FRD-adjusted p-threshold, and we then say that the attribute Q is overexpressed
in cluster C. In the FDR-adjustment, the number of tests is equal to the total number of
unique attribute values over all attribute classes and all clusters in a network.
Alternatively, the attribute’s Q underexpression can also be tested. Here, we want to see
if the number of elements in the cluster with a specific attribute value is significantly lower
than randomly selecting the elements from the total system elements. The probability under
the null hypothesis that the value of an attribute Q in a cluster C is smaller than the observed
value in the system can be obtained from the left tail of the hypergeometric distribution, as
follows:
pu(NC,Q) =
NC,Q∑
X=0
H(X|N,NC , NQ) (4)
Again, if pu(NC,Q) is smaller than a given FDR-adjusted p-threshold, we say that the attribute
Q is underexpressed in cluster C. We used the same setting for the FDR correction.
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Results
We identify investor clusters in the statistically validated networks using the Infomap com-
munity detection algorithm [21]. Communities are locally dense connected subgraphs in a
network that play a particularly important role in understanding a system’s topology. In
the current paper, communities represent investor clusters that are timing their trades syn-
chronously throughout the year. The three-layer network for three possible joint-trading states
are first aggregated into one network with weighted links so that each link in the network is
given the weight w ∈ {1,2,3} depending on how many network layers have a validated link
between a given investor pair2. We run 100 Infomap trials on the networks with edge weights.
Further, we detect clusters that statistically significantly overlap in the first and second year for
each security. Fig. 1 (a) and (b) visualises the Infomap clusters for the first- and second-year
networks of the security Kemira GrowHow (FI0009012843). Fig. 1 (c) and (d) displays five
clusters that persist over the two first years after the IPO. Note that in this case, most of the
investor clusters actually disappear after the first year, and completely new investor clusters
are born in the second year. In addition, the size and shape of the network are considerably
different between the years.
The latter observation is consistent for all of the analysed securities. Table 3 shows the
number of asset-specific clusters over the total number of communities and persisting clusters
per security. By asset-specific or unique clusters, we refer to the clusters that are not observable
within investor networks for other IPO securities. For many stocks, most of the clusters do not
persist in to the second year, and new investor clusters form in the following year. However, the
number of asset-specific clusters is rather small and is around 31 (24) % in the first (second)
year on average per asset.
Table 3. Number of asset-specific clusters and persisting clusters in the first and
second years after an IPO. Columns ‘Unique clusters Y1 (Y2)’ show the number of
asset-specific investor clusters in the first (second) year networks, where asset-specific investor
clusters are defined as those that were not observed in other IPO networks. The number in the
brackets shows the ratio in percentage. ‘Persisting clusters Y1 → Y2’ shows the number of clusters
with statistically significant overlaps in the first and the second years. Note that because of cluster
splits and merges, the number of persisted clusters is not necessarily the same for both years.
ISIN Uniqueclusters Y1
Unique
clusters Y2
Persisting
clusters Y1 → Y2
FI0009013296 66/262 (25%) 138/336 (41%) 180→ 221
FI0009013429 22/133 (17%) 11/89 (12%) 26→ 24
FI0009013403 16/112 (14%) 8/92 (9%) 45→ 44
FI0009015309 19/64 (30%) 7/29 (24%) 1→ 1
FI0009014351 16/56 (29%) 1/6 (17%)
FI0009012843 8/54 (15%) 11/64 (17%) 5→ 5
FI0009010391 5/37 (14%) 11/50 (22%) 3→ 3
FI0009013924 5/29 (17%) 4/11 (36%)
FI0009013312 5/26 (19%) 2/13 (15%) 2→ 1
FI0009012413 14/22 (64%) 10/22 (45%) 1→ 1
FI0009013593 3/17 (18%) 0/0 (0%)
FI0009004881 7/14 (50%) 3/10 (30%)
SE0000110165 2/4 (50%) 0/0 (0%)
FI0009014344 2/3 (67%) 0/0 (0%)
2For example, if the given investors were timing their buy transactions similarly so that they have a statistically
validated link in the buy layer but there were no statistical association with the sell and buy–sell states, then the
weight of the link between the investors would be 1.
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In our empirical analysis over all the IPO companies, we first analyse the over- and un-
derexpression of the investor attributes in the identified investor clusters. Table 4 summarises
the overexpressed cluster attributes3. The largest clusters of the analysed networks are over-
represented by institutions: general government and nonprofit organisations. In addition, in the
larger networks, location and decade attributes are overexpressed. At the same time, according
to Table 5, households are under-represented in the largest clusters.4 Other attributes that
are weakly represented in the analysed clusters are ‘Male’, ‘Helsinki’ and ‘South-West’ region.
Overall, the results of both tables show that the largest clusters mainly contain institutions
that are timing their trades similarly in a year. So compared with household investors, insti-
tutional traders form larger clusters that follow similar trade-timing strategies. Our findings
thus support the studies that provide evidence of institutional herding [26, 27]. Some of the
financial institutions, such as pension insurance companies, are driven by the same legislation
and portfolio restrictions, which can lead to the same trading strategies. Alternatively, traders
working for financial institutions have mutual and/or joint private information channels, lead-
ing to similar trade timing. The third explanation is that they react to public news in similar
ways.
Next, for two consecutive years of each security, we detect persistent clusters with a statis-
tically significant investor overlap, hereafter referred to as the timewise overlap. The visualised
results are provided in Appendix A. The clusters in the current paper are visualised as rectangle
blocks that are composed of investors with four attributes: sector code, geographic location,
gender and year of birth decade (see Fig. 2). Statistically significant overlapping cluster pairs
are connected by the arrow. An arrow points from the first-year to the second-year cluster. In
the reduced set three5 out of 14 securities did not produce any valid links for the second-year
network. The overlapping clusters that existed in the first year and persisted over the second
year were detected in eight securities6 out of 11. Importantly, and as mentioned above, we
do not detect many clusters that persist over time. This can be partially explained by the
fact that the size of the analysed networks are rather small because the trading activity for
the selected stocks is moderate, and the number of links depends on the co-occurrences of the
investor trade timing.
Further, we analyse the identified clusters that overlap across multiple securities, hereafter
referred to as the security-wise overlap, separately for the first- and second-year networks.
Fig. 8 in Appendix A shows part of the results for the statistically significant overlaps across
multiple securities. Some statistically significant overlapping clusters are not presented in the
figure. The arrows between the clusters are omitted for the simplification of the visualisation.
In the figure, each cluster has a statistically significant overlap with at least one cluster in a
group.
Combining the previous results together, we obtain persistent clusters that emerge in in-
vestor networks over multiple securities. The results show that some statistically similar net-
work structures are persistent and general: they appear in different securities and persist over
time. Some examples are visualised in Fig. 3, where each group consists of clusters that over-
lap over time and security-wise. In the figure, the top (bottom) row of the group refers to
the first- (second-) year clusters. Moreover, the downward arrows associate statistically similar
clusters in the first- and second-year networks. The arrows between the clusters in the same
year networks are omitted for the simplification of the visualisation. Notably, even if some of
the clusters are not persistent over time, they appear quite generally over different securities.
3No-Gender and No-Age attributes refer to the institutional investors, but also to the individual investors who
had no gender and/or birth year indicated in the data. For FI0009013296, the top five largest clusters in both
year networks are presented. Clusters composed of fewer than eight elements with overexpressed attributes for
FI0009010391 (Y1) and FI0009012413 are not presented in the table. FI0009014351, FI0009014344, FI0009013924,
FI0009013593, SE0000110165 and FI0009004881 do not contain clusters with over-expressed attributes. This is why
the number of No-Gender and No-Age attributes in the same cluster of Table 4 may differ.
4Clusters in FI0009013403, FI0009014351, FI0009014344, FI0009012413, FI0009013924, FI0009013593,
SE0000110165 and FI0009004881 had no underexpressed attributes.
5no second-year network for FI0009014344, FI0009013593 and SE0000110165
6no linked clusters for FI0009013924, FI0009014351 and FI0009004881
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(a) (b)
(c) (d)
Figure 1. Infomap clusters and their evolution for Kemira GrowHow
(FI0009012843). Community detection is used with weighted links based on the total number of
buy state, sell state, and day trade link types between two investors. (a) FDR: 54 clusters, first
year after IPO, (b) FDR: 64 clusters, second year after IPO, (c) and (d) show five statistically
significant overlapping clusters in both years. Node position is fixed. The colours of reoccurring
clusters in all graphs coincide. In (a) and (b), each cluster has a unique colour, with the exception
of those with fewer than four elements, which are coloured in grey.
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Table 4. Overexpressed attributes in the largest clusters with at least eight nodes.
Here, the column ‘cluster rank’ is the rank of the cluster with validated overexpressed attributes,
‘# occur. cluster’ is the number of times the attribute is present in the cluster over the size of the
cluster and ‘# occur. netw.’ is the number of times the attribute is present in the network over
the total network size. ‘# DA’ is the number of distinct attributes of the same class in the cluster.
‘Y1’ (‘Y2’) corresponds to the network clusters in the first (second) year after the IPO.
ISIN year cluster rank attribute attribute value # occur. cluster # occur. netw. # DA
FI0009013296
Y1
1 location Central-Finland 79/129 261/3,288 11
2 location Helsinki 36/49 1,145/3,288 7
3
sector code General-Government 8/20 29/3288 5
gender No-Gender 11/20 447/3,288 2
decade No-Age 13/20 504/3,288 4
4 location Northern-Finland 11/17 244/3,288 4
5 location Western-Tavastia 10/17 304/3,288 5
Y2
1 decade 1940 166/543 765/3,134 10gender Male 433/543 2314/3,134 3
2 location Central-Finland 20/30 183/3,134 4
3 decade 2,000 2/24 3/3,134 8
4
sector code General-Government 3/19 21/3,134 5
sector code Non-Profit 5/19 24/3,134 5
gender No-Gender 12/19 423/3,134 3
decade No-Age 16/19 474/3,134 4
5 location Central-Finland 8/18 183/3,134 7
FI0009013403
Y1 1
sector code General-Government 9/17 21/441 4
gender No-Gender 14/17 105/441 2
decade No-Age 17/17 132/441 1
Y2 1
sector code General-Government 8/13 16/408 3
gender No-Gender 9/13 80/408 2
decade No-Age 13/13 99/408 1
FI0009012843
Y1
1
sector code General-Government 8/18 16/371 4
gender No-Gender 16/18 105/371 2
decade No-Age 18/18 128/371 1
2 location Ostrobothnia 6/14 29/371 4
Y2
1 location South-West 56/62 146/776 4
2
sector code General-Government 8/22 19/776 5
sector code Non-Profit 4/22 12/776 5
gender No-Gender 15/22 146/776 3
decade No-Age 17/22 171/776 5
FI0009013429
Y1
1
sector code General-Government 8/20 18/571 5
sector code Non-Profit 5/20 10/571 5
gender No-Gender 13/20 112/571 2
decade No-Age 17/20 149/571 2
2 sector code General-Government 4/8 18/571 3
Y2 1
sector code General-Government 8/15 12/360 4
gender No-Gender 9/15 65/360 2
decade No-Age 13/15 81/360 3
FI0009010391 Y2 1 sector code General-Government 5/12 7/309 4decade No-Age 11/12 73/309 2
FI0009015309
Y1 1
sector code General-Government 6/17 9/273 5
location Helsinki 16/17 140/273 2
decade No-Age 12/17 61/273 4
Y2 1 sector code General-Government 5/10 6/122 4decade No-Age 9/10 34/122 2
FI0009013312
Y1 1
sector code General-Government 8/11 8/137 3
gender No-Gender 9/11 30/137 2
decade No-Age 11/11 35/137 1
Y2 1
sector code General-Government 8/15 8/60 5
gender No-Gender 10/15 18/60 2
decade No-Age 14/15 22/60 2
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Table 5. Underexpressed attributes in the top largest clusters with at least eight
nodes. Here, the column ‘cluster rank’ is the rank of the cluster with validated overexpressed
attributes, ‘# occur. cluster’ is the number of times the attribute is present in the cluster over the
size of the cluster and ‘# occur. netw’ is the number of times the attribute is present in the
network over the total network size. ‘# DA’ is the number of distinct attributes of the same type
in the cluster. ‘Y1’ (‘Y2’) corresponds to the clusters in the FDR networks in the first (second)
year after the IPO.
ISIN year cluster rank attribute attribute value # occur. cluster # occur. netw. # DA
FI0009013296
Y1
1 location Helsinki 17/129 1145/3,288 11location South-West 2/129 403/3,288 11
2 location Helsinki 7/20 2,767/3,288 5
3 location Helsinki 2/10 2,767/3,288 5
Y2
1 sector code Households 3/19 2,647/3,134 5gender Male 3/19 2,314/3,134 3
2 sector code Households 4/17 2,647/3,134 4
FI0009012843
Y1 1 gender Male 2/18 227/371 2
Y2
1 location Helsinki 4/62 304/776 4
2 sector code Households 5/22 602/776 5gender Male 6/22 540/776 3
FI0009013312 Y1 1 gender Male 2/11 101/137 2
Y2 1 sector code Households 1/15 38/60 5
FI0009015309 Y1 1 sector code Households 5/17 211/273 5
Y2 1 sector code Households 1/10 88/122 4
FI0009013429 Y1 1 sector code Households 3/20 422/571 5
Y2 1 sector code Households 2/15 279/360 4
FI0009010391 Y2 1 sector code Households 1/12 232/309 4
FI0009013296
A single investor 
with 4 attributes
A single community 
with 9 investors
ISIN 
sector code location gender age (birth decade)
Figure 2. Graphical representation of the clusters. A single cluster is visualised as a
rectangle block, where a row represents one investor with four attributes: sector code, location,
gender and birth year decade.
Sector code: - Households, - Non-financial, - Financial-Insurance, -
General-Government, - Non-Profit, - Rest-World.
Geographic location: - Helsinki, - South-West, - Western-Tavastia, - Central-Finland,
- Northern-Finland, - Ostrobothnia, - Rest-Uusimaa, - Eastern-Tavastia, -
Eastern-Finland, - South-East, - Northern-Savonia.
Gender: - Male, - Female, - No-Gender.
Decade: - No-Age, - 1910, - 1920, - 1930, - 1940, - 1950, - 1960, - 1970, -
1980, - 1990, - 2000.
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FI0009013296 FI0009013429
FI0009013403
FI0009013403
FI0009013403 FI0009012843
FI0009014351
FI0009014351
FI0009014351
FI0009013296 FI0009013429 FI0009013403
FI0009013296 FI0009013429 
FI0009013429 
FI0009013403 
FI0009013403 
FI0009013429 FI0009013403 
FI0009013403 
FI0009013296 FI0009012843 
FI0009010391 FI0009013403 
FI0009013403 FI0009013296 
FI0009013296 
FI0009013403 
FI0009013429 FI0009012843 FI0009013403 
FI0009013296 FI0009012843 
FI0009013429 FI0009012843 FI0009013403 
FI0009013296 
FI0009013296 
FI0009013296 FI0009013429 FI0009012843 FI0009013403 
FI0009013403 FI0009012843 FI0009013296 FI0009013429 FI0009015309 FI0009014351
FI0009013312
FI0009013312
FI0009013403 FI0009012843 FI0009013296 FI0009013429 FI0009015309 FI0009013312 FI0009010391
FI0009012413 FI0009013429 FI0009013403 
FI0009013429 
FI0009013924 FI0009015309 
FI0009013403 
stat. sign.
overlap
ISIN
ISIN
1 year 
after IPO
2 year 
after IPO
Figure 3. Statistically significant cluster overlaps across multiple securities and over time. The row alignment shows
statistically similar clusters in the same year: the top row is the first after the IPO, and the bottom row is the second year after the IPO.
The downward arrows show the cluster timewise evolution from the first to the second year for the same security. A cluster is represented
by the rectangle. Each cluster is composed of investors with four attributes: sector code, geographic location, gender and decade. See the
attribute colour mapping in Fig. 2.
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Do clusters of IPO investors exist with mature companies?
To verify if our identified persisting clusters are just IPO-related or if they exist with mature
companies, as well, we compare the clusters of the new-to-the-market stocks with two mature
companies – Nokia (FI0009000681) and UPM-Kymmene (FI0009005987). Regarding Nokia,
the long-term evolution of the clusters of the most capitalised stock in the HSE – Nokia – has
recently been analysed in [14]. Because the results between Nokia and UPM-Kymmene are
consistent, we report our findings for Nokia only (the results for UPM-Kymmene are available
upon request). For this analysis, we select the transactions between 1995 and 2009 for Nokia
and check for a mismatch of the daily trading volume mentioned earlier in the subsection
Dataset. We construct SVNs with the FDR correction for Nokia based on yearly synchro-
nised nonrandom trading co-occurrences and identify investor clusters with Infomap cluster
partitions. Unfortunately, there were incorrectly registered transactions in our data between
2000 and 2004, and because of this, we eliminated the part of data with incorrectly registered
transactions. As a result, we obtain nine networks for Nokia. Table 6 shows the time spans
of the SVN and the corresponding number of validated links per network. The yearly periods
starting in June 2004 were selected intentionally so that they could be aligned over time and
hence be more comparable with investor networks with some of the IPOs (see Table 1).
Table 6. Number of links and corresponding time spans for Nokia SVNs with the
FDR correction.
Time span Nokia
1995 Jan - 1996 Jan 823
1996 Jan - 1997 Jan 1179
1997 Jan - 1998 Jan 6869
1998 Jan - 1999 Jan 38446
2004 Jun - 2005 Jun 303263
2005 Jun - 2006 Jun 120703
2006 Jun - 2007 Jun 48637
2007 Jun - 2008 Jun 59794
2008 Jun - 2009 Jun 243961
Initially, we can obtain the statistically robust clusters for Nokia’s stock across its multiple
networks for consecutive years. One particular example of cluster evolution and persistence over
time is shown in Fig. 4. An interesting observation is that the evolution of a robust cluster can
be detected over a gap from 1999 to 2004, and the evolution spans over a long period. Next,
we analyse the overlaps between investor clusters with Nokia data and the investor clusters
with data on IPOs to answer the question if the investor cluster identified with IPO securities
exists with a mature company. Fig. 5 shows the identified investor clusters on Nokia that can
be linked to the investor clusters on IPOs. In the figure, the statistically significant overlap of
the clusters with the IPOs and Nokia is marked by X. Notably, the clusters on IPOs are also
significantly similar among each other; this example cluster group corresponds to Fig. 3 in the
bottom left corner. Significant similarities within the cluster overlap can be observed from 1996
to 2008. From 2005 to 2007, an overlap with Nokia was detected for each shown cluster of seven
securities in both years. Our results detect more overlapping clusters between the IPO stocks
and Nokia, and some of the examples of the evolution of the cluster on Nokia are presented in
Appendix B. Because the clusters persist also in a non-IPO stock, their dynamics can be traced
several years back. This confirms that they occur not because of some IPO-specific factor but
because their origin is rather market specific.
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2008_90
2007_39
2007_43
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2007_2061995_2
1995_1
1995_43
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1995_35
1995_55
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2004_54
2004_136
1996_2
1996_5
1996_3
1996_77
1996_138
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1996_46
1996_44
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...
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Figure 4. Evolution of investor clusters on Nokia. Example of the evolution of clusters on
Nokia over time. Statistically similar clusters are connected by arrows. A cluster is represented by
a rectangle. Cluster labels show the year of the cluster and the conventional cluster name.
Clusters with labels highlighted in bold are reused in Fig. 5. Each cluster is composed of investors
with four attributes: sector code, geographic location, gender and decade. See the attribute colour
mapping in Fig. 2.
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IPO Year 1 IPO Year 2
NOKIA
FI0009013403 FI0009012843 FI0009013296 FI0009013429 FI0009015309 FI0009013312 FI0009010391FI0009013403 FI0009012843 FI0009013296 FI0009013429 FI0009015309 FI0009014351FI0009013312FI0009013312
1996_2 X X
X
X XX X
1997_14 X X
X
X XX X X
1998_28 X
1998_3 X X
2007_39 XX X
2008_14 X
X XX
X
X
XX X
X X
X X X
X
2004_7 XXX X XX XX XX XX X
2005_13 XX XX XX X XX XX XXX X
2006_25 XX XX XX X XX XX XXX X
XX XX XXX XX XX X
X
2005 2006 20052004 2005 20062005 2007 2007 2005 2006 20072008 20062006
Figure 5. An example of investor cluster overlap between a sample of clusters observed throughout the years in Nokia
investor networks and IPO networks during the first and second years. Each cluster is represented by a rectangle. Clusters on
Nokia are rotated clockwise for visualisation purposes. Cluster labels show the year of the cluster and the conventional cluster name
(introduced in Fig. 4.) X marks statistically significant overlaps between the clusters on Nokia and IPOs. An overlap of clusters between
the IPOs and Nokia was observed for eight (seven) of the 14 networks in the first (second) year. Note that FI0009013312 has two clusters
in the first year. Each cluster is composed of investors with four attributes: sector code, geographic location, gender and decade. See the
attribute colour mapping in Fig. 2.
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Conclusions
In the current paper, we analysed investor interactions and behaviours using a unique dataset
of all Finnish investors’ transactions in the HSE. Our selected set of 14 securities is aligned
to an IPO event, which occurs when a company first starts publicly trading its securities.
We performed an analysis for multiple securities on an individual investor account level by
constructing the networks from the statistically validated trading co-occurrences. Our main
focus was on the newly emerging market networks and their common and persistent market-
driven structures with the other mature and new stocks.
Applying a community detection algorithm, we found statistically similar investor clusters
with synchronised trading strategies that were forming repeatedly over several years and for
multiple securities. We detected statistically robust clusters between the first and second year
after an IPO for eight out of 11 securities with statistically validated links in both years. We
also found clusters that could be found within other securities.
Comparing the findings with the clusters on Nokia, we show an example of a highly persis-
tent government cluster, and its evolution was shown to span over a long period. Our results
show that some synchronised trading strategies in financial markets span across multiple stocks,
are persistent over time and occur with mature stocks. However, this analysis applies to the
HSE only and does not generalise to all markets. Further research should check if this phe-
nomenon also exists in other stock exchanges with a larger amount of IPOs; however, to the
best of our knowledge, these investor-level data are not available, for example, from the U.S.
markets.
Traditional financial research assumes that investors are rational and hold optimal portfo-
lios. However, actual investors have information and intellectual and computational limitations,
and rather than optimising, they satisfice when making decisions. The systematic reoccurrence
of the clusters gives a notion of possible stronger information connections that the investors
share. For example, they may be consistently following the same public information sources
or have mutual private information channels. However, with the current research, we do not
try to explain the direction or the publicity of the information transfer. On the other hand,
according to [11], investor networks can be considered proxies of information networks if they
are fairly stable over time. In light of this argument, the persistent and security-wide investor
clusters can represent the mutual information channels that exist for both new IPO securities
and mature stocks (e.g., Nokia).
Data availability
The dataset analysed in the current study is not publicly available and cannot be distributed
by the authors because it is a proprietary database of Euroclear Finland. The database can be
accessed for research purposes under the nondisclosure agreement by asking permission from
Euroclear Finland.
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A The evolution of investor clusters on IPOs
Figure 6. Cluster evolution for networks with the FDR validation. Partial results for
ISIN FI0009013296. A cluster is represented by a rectangle. Cluster evolution is represented by
the rectangles connected by downward arrows. The top rectangle is the cluster in the first year
after the IPO, and the bottom rectangle is the cluster in the second year after an IPO in the same
network. Sector code: - Households, - Non-financial, - Financial-Insurance, -
General-Government, - Non-Profit, - Rest-World.
Geographic location: - Helsinki, - South-West, - Western-Tavastia, - Central-Finland,
- Northern-Finland, - Ostrobothnia, - Rest-Uusimaa, - Eastern-Tavastia, -
Eastern-Finland, - South-East, - Northern-Savonia.
Gender: - Male, - Female, - No-Gender.
Decade: - No-Age, - 1910, - 1920, - 1930, - 1940, - 1950, - 1960, - 1970, -
1980, - 1990, - 2000.
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(a)
(b)
(c)
(d) (e) (f) (g)
Figure 7. Cluster evolution for FDR networks (continued from Fig. 6). (a)
FI0009013403. (b) FI0009013429. (c) FI0009012843. (d) FI0009015309. (e) FI0009013312. (f)
FI0009012413. (g) FI0009010391.
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Figure 8. Statistically significant cluster overlaps across multiple securities. (a) Overlapping clusters across multiple securities
during the first year after an IPO. (b) Overlapping clusters across multiple securities during the second year after an IPO. A cluster is
represented by the rectangle. Statistically overlapping cluster groups are separated by horizontal lines. Each cluster is composed of
investors with four attributes: sector code, geographic location, gender and decade. See the attribute colour mapping in Fig. 2.
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B Evolution of investor clusters on Nokia over time
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Figure 9. Examples of the persistence and evolution of clusters on Nokia over time.
A cluster is represented by a rectangle. Statistically similar clusters are connected by arrows.
Each cluster is composed of investors with four attributes: sector code, geographic location,
gender, and decade. At least one cluster on Nokia in the chain has a statistically significant
overlap with at least one cluster on IPOs. Cluster labels show the year of the cluster and the
conventional cluster name.
Sector code: - Households, - Non-financial, - Financial-Insurance, -
General-Government, - Non-Profit, - Rest-World.
Geographic location: - Helsinki, - South-West, - Western-Tavastia, - Central-Finland,
- Northern-Finland, - Ostrobothnia, - Rest-Uusimaa, - Eastern-Tavastia, -
Eastern-Finland, - South-East, - Northern-Savonia, - no-region.
Gender: - Male, - Female, - No-Gender.
Decade: - No-Age, - 1910, - 1920, - 1930, - 1940, - 1950, - 1960, - 1970, -
1980, - 1990, - 2000.
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C Link validation with the FDR correction
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Figure 10. Example of link validation for Kemira GrowHow (FI0009012843), first
year after IPO, log-log scale. The number of observed synchronous trade co-occurrences:
33,595. The number of statistically validated links with the FDR correction: 1,481.
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